To track iron accumulation and location in the brain across adolescence, we repurposed diffusion tensor imaging (DTI) and functional magnetic resonance imaging (fMRI) data acquired in 513 adolescents and validated iron estimates with quantitative susceptibility mapping (QSM) in 104 of these subjects. DTI and fMRI data were acquired longitudinally over 1 year in 245 male and 268 female, no-to-low alcohol-consuming adolescents (12-21 years at baseline) from the National Consortium on Alcohol and NeuroDevelopment in Adolescence (NCANDA) study.
location, and functional relevance of nonheme iron in brain tissue (Bartzokis et al., 1994; Drayer et al., 1986; Vymazal et al., 1995; Vymazal et al., 1999) . These studies have generally focused on the deep gray matter structures identified in postmortem studies (Hallgren & Sourander, 1958) where the iron deposition is the highest, increases during normal aging (Bartzokis et al., 1994; Daugherty & Raz, 2016; Haacke et al., 2005; Pfefferbaum, Adalsteinsson, Rohlfing, & Sullivan, 2010) , and is even greater in age-related disorders, notably Alzheimer's disease, indicating excess iron accumulation as a biomarker of disease (Daugherty & Raz, 2015; Daugherty & Raz, 2016; Dhenain, Michot, Volk, Picq, & Boller, 1997; Drayer et al., 1986; Fukunaga et al., 2010; Glasser et al., 2016; Glasser & Van Essen, 2011; Haacke et al., 2005; Hallgren & Sourander, 1960; Langkammer et al., 2010; Schenck & Zimmerman, 2004; Walsh & Han, 2014; Ward, Zucca, Duyn, Crichton, & Zecca, 2014) . MRI-identified excessive iron accumulation has also been linked with hypertension (Rodrigue, Haacke, & Raz, 2011) , obesity (Kullmann et al., 2016) , and insulin resistance (Blasco et al., 2014) .
Studies of neonates, infants, and young children have established that nutrients from iron are essential for normal development of cortical and fiber tract myelination and associated cognitive and motor functions (review Deoni, Dean III, Joelson, O'Regan, & Schneider, 2018; Stiles & Jernigan, 2010) . To the extent that in vivo neuroimaging with susceptibility-weighted imaging (SWI), field-dependent relaxation-rate increase (FDRI), and other methods are able to detect regional nonheme iron, which is a reflection of the nutrient (Bartzokis et al., 2007; Beard & Connor, 2003) , neuroimaging offers a method for tracking the iron signal in the adolescent brain, which normally continues development of cortical (Glasser & Van Essen, 2011) and white matter tract (Lebel, Walker, Leemans, Phillips, & Beaulieu, 2008) myelin, presumably requiring iron, and cognition (Casey, Jones, & Hare, 2008) .
Pre-MRI iron deposition work was limited to histology (Hallgren & Sourander, 1958) . MRI relaxation rates were discovered to be sensitive to iron concentration. Initial MRI investigations used direct measures of relaxivity (i.e., R 2 and R 2 *) as primary indicators of iron (Dhenain et al., 1997; Drayer et al., 1986 ) and were verified with histology (Haacke et al., 2005; Langkammer et al., 2010) . More recent work has focused on semiquantitative and quantitative methods including SWI (Haacke et al., 2005) , FDRI (Bartzokis et al., 1994; Pfefferbaum, Adalsteinsson, Rohlfing, & Sullivan, 2009 ). Quantitative susceptibility mapping (QSM) (Poynton et al., 2015) , and R 2 0 mapping (Gelman et al., 1999; Haacke et al., 2005) .
The present study investigated the ability of standard Diffusion
Tensor Imaging (DTI) and functional MRI (fMRI) (Larsen & Luna, 2015) to track the course of nonheme iron (ferritin) (Fukunaga et al., 2010; Haacke et al., 2005) deposition in brain structures that have previously been shown to be susceptible to iron deposition with age (Drayer et al., 1986; Hallgren & Sourander, 1958) in adolescents and young adults. Although several studies have examined iron presence in the brains of adolescents and have shown greater iron signal in subcortical and cerebellar structures known to have high iron content (Larsen & Luna, 2015; Zhang et al., 2018) , the samples of teenagers have been small and cross sectional. By contrast, the present study included 513 highly screened adolescents, 384 of whom were examined a second time 1 year later. The data were collected across five sites participating in the National Consortium on Alcohol and NeuroDevelopment in Adolescence (NCANDA) study (Brown et al., 2015) recruited by the NCANDA study (Brown et al., 2015 (Brown et al., 2015) aimed at investigating whether and how the normal neurodevelopmental trajectories of the brain and its many regions and tissue types are diverted with the initiation of appreciable drinking. The drinking threshold was based on National Institute on Alcohol Abuse and Alcoholism guidelines for risky drinking that varied by age and sex. As stated previously (Pfefferbaum et al., 2018) , the maximum drinking days was five for those 12-15.9 years old, 11 for those 16-16.9 years old, 23 for those 17-17.9 years old, and 51 for those age 18 and older. The maximum allowable drinks per occasion was three for female participants at any age but varied by age for male participants, for whom the maximum drinks per occasion was three for those 12-13.9 years old, four for those 14-19.9 years old, and five for those age 20 and older.
Of the 513 youth analyzed at baseline, data for 385 were avail- Müller-Oehring et al., 2018; Nichols, 2015; Pfefferbaum et al., 2016; Pohl et al., 2016; Rohlfing, Cummins, Henthorn, Chu, & Nichols, 2014) (www.sibis.org) as NCANDA_PUBLIC_1Y_REDCAP_V02, NCANDA_ PUBLIC_1Y_STRUCTURAL_V01, NCANDA_PUBLIC_1Y_DIFFUSION_ V01, NCANDA_PUBLIC_1Y_RESTINGSTATE_V01.
In addition, 104 subjects, age 12-19 years (15.0 AE 1.75) from the Duke site were scanned at baseline using a multiecho susceptibility and R 2 * mapping scan (Li et al., 2014; Liu, Lee, et al., 2015) specifically to evaluate iron deposition. These data were used to validate the DTI and fMRI scan results on the multisite cohort.
Demographic data (Table 1) were collected through interviews and tests. Data relevant to this analysis comprised age, handedness, body mass index (BMI) percentage, sex, ethnicity (Brown et al., 2015) , and working memory speed using the computerized WebCNP battery (Gur et al., 2010) with data taken from Sullivan et al. (2016) . All minor participants and at least one parent or participants who were 21 years old at study entry were thoroughly screened for maternal exposure to toxins during pregnancy and for other toxins, drugs, and alcohol thereafter (Brown et al., 2015) .
| MRI acquisition
The multisite protocol was designed to acquire comparable T 1 (IR-SPGR, MPRAGE), DTI, and fMRI data at all five NCANDA sites (Table 2 ). All collection sites used the same protocol and 3T systems:
three sites used GE MR750 and two used Siemens TIM-Trio scanners.
All subjects had the same set of MRI scans at each time point used for the analysis.
The Duke site also acquired susceptibility-weighted images based on multiecho SPGR acquisition using a GE MR750 scanner (Table 1 ).
| Preprocessing
All DTI and fMRI scans were eddycurrent and EPI-distortion corrected (fMRI with field maps and FSL FUGUE [FMRIB's Utility for Geometrically Unwarping EPIs] and DTI with FSL topup and eddy) (Andersson & Skare, 2002; Jenkinson & Smith, 2001; Smith et al., 2004) . The first nondiffusion weighted volume of the DTI and the first fMRI volume were nonrigidly registered to the T 1 structural image via ANTS (Avants, Epstein, Grossman, & Gee, 2008) . ANTS was also used to rigidly register all functional images to the first one and then compute average of the fMRI across time. The process was repeated for the DTI b = 1,000 s/mm 2 sequence by first rigidly aligning the MRIs of all directions to the first nondiffusion weighted volume and then computing the average of DTI across all directions. This completed the DTI and fMRI specific processing. Structural T 1 specific processing was confined to nonrigidly registering the MRI to the SRI24 (Rohlfing, Zahr, Sullivan, & Pfefferbaum, 2010) and cerebellar brain atlases (Diedrichsen, 2006) via ANTS.
To approximate the estimated diffusion-weighted R 2 (or edwR 2 ) from the DTI sequence, T 2 was estimated by computing the average across all gradient directions. Next, the mean of the resulting average map with respect to the posterior corpus callosum (Drayer et al., 1986 ) was recoded. The posterior corpus callosum was defined as the corpus callosum on the SRI24 atlas posterior to the anterior point of the pallidum. Finally, the average map was divided by that mean value and inverted to determine edwR 2 (i.e., 1/ [normalized T 2 ]). The process was repeated with respect to the average of the resting-state (rs)-fMRI sequence across time to compute T 2 *, the normalized T 2 *, and the rs-fMRI estimate R 2 * (i.e., 1/[normalized T 2 *]), which we refer to as eR 2 *. Regional and voxel-wise processing, including age regression, was performed using Python 2.7 (Van Rossum, 1991) with the regions defined according to the SRI24 atlas.
The QSM was generated from the susceptibility-weighted images using the in-house software STI Suite (Li et al., 2014; Li, Wu, & Liu, 2011; Liu, Li, et al., 2015) . Greater QSM values indicated greater iron presence. QSM data were nonrigidly registered to SRI24 atlas by aligning the last echo of the magnitude data (TE = 29.38) with the T 1 -weighted MRI of the atlas using ANTS (Avants et al., 2008) . Regional QSM values were defined according to the SRI24 atlas.
| Statistical analysis
Inclusion criteria for analysis required that all data fields were available and adolescents met criteria for no/low alcohol and drug consumption. The regions of interest (ROIs) analyzed were the left and right pallidum, putamen, cerebellar dentate nucleus, red nucleus, and substantia nigra. Separate regional regression analyses using normalized signal values were performed on the edwR 2 and eR 2 * data.
Dependent variables considered were the edwR 2 and eR 2 * signal; independent variables were age and age squared; and covariate variables were handedness, BMI percentage, supratentorial brain volume, scanning site, sex, ethnicity, and working memory speed. Covariate variables were typically analyzed as independent variables, but covariate correction was performed for most plots by fitting a linear model to the data with the above variables and removing the predicted effects of the covariate variables while leaving the effects of the independent variables. AIC analysis (Venables & Ripley, 2002 ) was used to remove insignificant covariates for all analyses.
The regional information from the quantitative scans was generated using the same method. The resulting regional average susceptibility values were added to the edwR 2 , eR 2 *, and demographic variables to create a subset of data from the standard DTI, fMRI, and QSM images.
| Baseline data analysis
Only the baseline (first) time point data were used in this crosssectional analysis. For plotting all covariate variables were removed.
The best-fit was chosen from either age or age and age squared if the addition of the age-squared variable was significant based on the AIC (Venables & Ripley, 2002 ).
| QSM data analysis
The QSM data analysis largely paralleled the data analysis for the DTI and fMRI data. The susceptibility data were all analyzed separately using linear regression with the same dependent and independent variables as used in the baseline data analysis. The susceptibility data were also compared with the edwR 2 and eR 2 * metrics using linear regression to establish correspondence.
| Longitudinal data analysis
Longitudinal iron deposition with age was measured using the normalized signal change across time for each subject. The longitudinal data were fit with linear mixed-effects models (lmer in R) with linear and quadratic models (age and age + age squared). The two models were then tested for superiority with ANOVA. Consistency of the measures between the two scanning sessions was tested with Pearson correlations and intraclass correlations.
3 | RESULTS
| Normalizing values over imaging modalities
The posterior corpus callosum was used for internal normalization because, while age is a significant factor for both edwR 2 (adjusted R = 0.101, p = .0045) and eR 2 * (adjusted R = −0.118, p = .0010), the corpus callosum is largely unaffected by iron deposition (Bartzokis et al., 2007) (Figure 1 ).
3.2 | Site, hemisphere, and ROI effects in relation to age
We conducted three omnibus ANOVAs-one for each iron metric approach-and included age, ROI, hemisphere, and site as factors for the DTI and fMRI metrics and age, ROI, and hemisphere for the QSM analysis (because it was acquired at only one site). In addition to the main effects of the principal factors, interactions involving age were relevant to the current analysis. The ANOVA results, summarized below, The only significant interaction involving age was with ROI, indicating that some ROIs showed greater age-related differences than others [F(df = 45,030) = 65.207, p < 2e-16]. The three-and four-way interactions involving age were not significant. Thus, the analyses described in Section 2.4 collapsed across site and age and age-squared functions tested for cross-sectional differences in iron estimates across adolescence; the longitudinal analyses also collapsed across hemisphere. 
| Relations between iron metrics, age, demographic, and neuropsychological measures
Voxel-wise normalized signal regressions showed significant correlations with age for the evaluated ROIs and higher than those visually obvious in other brain regions (Figure 2 ). Regression analysis predicting the edwR 2 and eR 2 * values revealed highly significant effects of age and site on both edwR 2 (Table 3) and edwR 2 * (Table 4 ) in all ROIs.
The edwR 2 ( Figure 3 ) and eR 2 * (Figure 4 ) signal in all ROIs significantly increased with age. When including age squared, which was significant in most ROIs, the signal showed deceleration with older age, indicating a slowing of iron deposition throughout development.
Age squared was correlated with edwR 2 in all ROIs except for left dentate nucleus. Collection site was highly significant in most cases, and all other factors with edwR 2 were significant in select regions.
Specifically, higher BMI was correlated with lower iron signal in the left pallidum and putamen but with greater iron signal in the bilateral dentate nucleus. Faster speed on working memory correlated with lower iron signal in the left dentate nucleus and substantia nigra. Male participants had lower iron levels than female participants in all regions except for the left dentate nucleus. These results are listed in weighted images displayed by imaging site (A-E). This value from the normalization region was used to normalize the images [Color figure can be viewed at wileyonlinelibrary.com] Table 3 and the covariate-corrected age-signal plots are shown in Figure 3 . The same analysis was performed on the nondiffusionweighted images and, while the same contrasts were significant, they
were not as strong as the diffusion-weighted images edwR 2 and are therefore not reported.
For eR 2 *, the age-squared regressions indicated smaller crosssectional estimates in the latter adolescent years in the bilateral pallidum and substantia nigra. Collection site was again highly significant in most cases. All other factors with eR 2 * were significant in select regions and generally less so than edwR 2 . Greater BMI correlated with lower iron concentration in the bilateral pallidum, putamen, red nucleus, right dentate nucleus, and left substantia nigra. Faster working memory speed correlated with lower iron signal in the left pallidum. Relative to female participants, their male counterparts had lower iron signal in the bilateral dentate nucleus, pallidum, and putamen. These results are listed in Table 4 and the covariate-corrected age-signal plots are shown in Figure 4 .
For the single site susceptibility data, the iron estimate was significantly greater with older age in all regions except left substantia nigra where age squared was a better fit. Lower BMI was related to greater iron content in the bilateral substantia nigra. African American subjects had significantly lower iron in the bilateral putamen and red nucleus, and right dentate nucleus and pallidum. Male subjects also had significantly higher iron content in the left substantia nigra than female participants. These results are listed in Table 5 and the covariate-corrected age-signal plots are shown in Figure 5 .
| Relation of edwR 2 and eR 2 * to QSM
The susceptibility data were significantly correlated with edwR 2 ( Figure 6 and Table 6 ) and eR 2 * (Figure 7 and Table 7) . Across all regions, the r-squared for susceptibility relative to edwR 2 was 0.643
and for susceptibility relative to eR 2 * was 0.578. The r-squared values for each region are shown in Table 8 .
| Longitudinal edwR 2 and eR 2 * analysis
For all three methods, the linear effects of age were highly significant.
For eR 2 * and QSM, only the linear age term was significant, but for edwR 2 , there was a significant negative age-squared term for the red nucleus and putamen indicating decline in the rate of accumulation with advancing age. Table 9 presents the results for each method for each ROI and includes the slope and amount of variance explained by the fixed and the fix+random terms (Nakagawa & Schielzeth, 2013) .
Figures 8 and 9 present the longitudinal data for each bilateral ROI for edwR 2 and R 2 *e.
Pearson correlations and intraclass correlations tested the correspondence of iron estimates between Times 1 and 2 and showed high reliability between sessions (Table 10 and Figure 10 ).
| DISCUSSION
A principal goal of this analysis was to investigate the success of repurposing DTI and fMRI data to estimate iron content in subcortical and cerebellar structures known to accrue iron over development.
Strengths of the NCANDA data set include its sample sizes of wellcharacterized, healthy, male and female adolescents (Brown et al., 2015) and quality of the imaging data (Rohlfing et al., 2014) . In light of evidence for continued neurodevelopment throughout adolescence and young adulthood (Stiles & Jernigan, 2010) and the need for 
| Relations between iron metrics and demographic measures
The significant age-related decay rate for both eR 2 * and edwR 2 data in all ROIs indicates a linear, and often decelerating (age squared), relaxivity difference that corresponded well with known regional iron deposition amount, comporting with earlier reports Normalized and covariate corrected baseline eR 2 * signal intensity plotted against age for the investigated regions on the left and right sides. All ROIs exhibited a significant age-related increase in estimated eR 2 * [Color figure can be viewed at wileyonlinelibrary.com] (Daugherty & Raz, 2015; Daugherty & Raz, 2016; Hallgren & Sourander, 1958; Schenck & Zimmerman, 2004; Walsh & Han, 2014; Ward et al., 2014) . Variables that were significant for the baseline analysis were BMI, working memory, and sex. Other variables considered were supratentorial brain volume and handedness and did not have a significant relation with iron deposition measured in the brain. Greater iron deposition in specific brain regions identified in cross-sectional analysis corroborates previous results (Drayer et al., 1986; Hallgren & Sourander, 1958) but in a larger, younger sample of subjects rarely studied (Larsen & Luna, 2015) . The effects of the age-squared term measured in vivo corroborate the deceleration of iron deposition previously reported in postmortem cases (Hallgren & Sourander, 1958) .
FIGURE 5 Susceptibility signal plotted against age for the investigated regions on the left and right sides. All ROIs exhibit a significant agerelated increase in susceptibility, which is consistent with both edwR 2 and eR 2 * [Color figure can be viewed at wileyonlinelibrary.com] While the age result was expected, the BMI and sex were not.
BMI appears to be associated with both increasing and decreasing iron in the edwR 2 and eR 2 *. Sex differences, however, indicated significantly less iron in boys than girls across all ages and in almost all regions for both edwR 2 and eR 2 * data but not for QSM data, which were available for a smaller sample. While the observed sex difference was significant, it runs counter to some previous works (Bartzokis et al., 2007) , although separate studies showed no gender difference.
In addition, the other studies used older cohorts; thus, our study may subtend a stage of development where boys have less nonheme iron in the brain than girls (Xu, Wang, & Zhang, 2008) , perhaps consistent with later maturation of boys than girls.
| Longitudinal edwR 2 and eR 2 * analysis
With a data set of 385 subjects and approximately a year separating the scans, we were able to detect significant age effects, both in the intercept and slope-similar to age and age squared in the full analysis.
This longitudinal analysis corroborates the trend of greater iron presence with older age measured in the baseline cross-sectional data using nonquantitative scans.
| Relation of edwR 2 and eR 2 * to QSM
The QSM results from the susceptibility scan showed that the susceptibility was greater with older age as a group and visit for individual subjects. These results indicated presence of iron deposition in all regions, thereby corroborating the edwR 2 and eR 2 * from the DTI and fMRI scans. Thus, despite the nonquantitative nature of raw signal in DTI and fMRI scans as reflecting iron presence, quantitative information could be inferred from them. Recently, iron was detected using T1 hyperintensity signal in the pallidum of patients with liver cirrhosis (Lee et al., 2018) . Although comparison with QSM revealed good agreement, use of the T1 hyperintensity signal may require pathology that causes the hyperintensity, thereby making the iron signal visible but perhaps inadequate for detection of normal developmental effects. In addition, the susceptibility increase seen in the QSM data indicates that the change is occurring through iron deposition or demyelination while the increasing edwR 2 * and eR 2 * indicate increasing iron and/or myelin content. Because both QSM and R2* measures are increasing this leads to the likely conclusion that the process is that of iron deposition rather than significant changes in myelin (Duyn & Schenck, 2017; Liu, Li, et al., 2015) .
4.4 | fMRI data for iron quantification: edwR 2 versus eR 2 * Despite use of fMRI data to quantify regional iron deposition, the rsquared values for all regions for edwR 2 were higher than eR 2 * when compared with susceptibility from QSM (Table 4) (Haacke et al., 2005; Li et al., 2011; Li et al., 2014; Liu, Li, et al., 2015) . This initially counterintuitive result is likely attributable to ferritin, which shortens the T 1 (Haacke et al., 2005) and increases the fMRI signal contrary to the decreased signal from a shortened T 2 *. This antagonistic signal effect is not present in DTI data because the TR is 8 s for DTI, which allows near complete recovery compared to the 2.2 s recovery time used for fMRI data. The differences between eR 2 * (i.e., without diffusion gradients on) and edwR 2 (i.e., with diffusion gradients on) are due to the near complete reduction of diffusing and flowing signal. Most obviously, this causes the CSF signal to be nearly extinguished, but it also reduces the signal from all diffusing materials in the brain. The reason for the better performance of the edwR 2 may be due to extraneous 
| Limitations
The collection site effects remained highly significant despite the individual subject intensity normalization and the inclusion of demographic variables such as BMI. The substitution of a scanner manufacturer variable for site was also significant, but with the manufacturer variable there remained significant site differences and was, therefore, removed in favor of the more flexible site variable. This difference suggests that the site differences are primarily systematic system, positioning, coil, or physical differences between the sites.
The nonquantitative nature of this approach requires a site variable to remove the remaining site differences, but through that addition, this method remains compatible with multiple sites, and GE and Siemens systems. In addition, a site correction such as removing the mean difference between the sites or matching the histograms could take the place of the site variable, but this was not explored in this work. Ideally though, longitudinal analysis would be performed which removes the need for site normalization. Any of these approaches allows for post hoc analysis of multicenter data that would otherwise not be available for analysis.
A major limitation of the reference approach is attributable to the colocalization of iron and myelin in the brain, making it difficult to distinguish the effects of the two on the measured signal. One approach for differentiating the contribution of myelin from iron is to collect both QSM and R 2 * data. Because myelin is diamagnetic and iron is paramagnetic, both iron and myelin increase the R 2 * value, but in QSM, greater myelin presence decreases susceptibility while greater iron presence increases susceptibility. In the subset of subjects for whom we have both modalities, we detected greater R 2 * and greater QSM values, providing evidence for the conclusion that the majority of the change is driven by iron deposition. This convergence lends support to the extrapolation that that the results of all subjects in this study follow the same pattern.
| CONCLUSIONS
This work demonstrates that DTI and fMRI data, while unable to measure iron concentration quantitatively, can be repurposed as an analog of brain iron deposition. This conclusion was directly verified with QSM imaging, which is the current standard for noninvasive in vivo quantification of nonheme iron. Further support for this conclusion stemmed from our preliminary longitudinal results from the same set of subjects. The analysis outlined herein allows the estimation of iron with the use of commonly used DTI and fMRI acquisitions rather than the less frequently used SWI acquisitions. It also allows post hoc iron analysis of data sets acquired even before SWI acquisition and QSM approaches were developed.
Tracking normal iron deposition trajectories could enable detection of developmental deviations marking accelerated brain tissue shrinkage (Daugherty & Raz, 2016) , apoptosis (Ward et al., 2014) , and demyelination (Bartzokis, 2011; Bartzokis et al., 2011) excessive alcohol use (Bühler & Mann, 2011; Wang, Shum, Lin, & Wang, 1996) . Indeed, the relation between low iron estimates and greater BMI and lower working memory scores may reflect poor nutritional developmental or current status (cf., Beard & Connor, 2003 
